ABSTRACT A Taguchi-based genetic algorithm (TBGA) is adopted in an adaptive neuro-fuzzy inference system (ANFIS) to optimize the micro-structure parameters of backlight modules (BLMs) in liquid-crystal displays. The method reduces the number of experiments and accumulates the data that indicate performance quality of the modules. The TBGA selects appropriate membership functions and optimizes the premise and consequent parameters by minimizing the performance criterion of root-mean-squared error. The results indicate that the ANFIS with TBGA is significantly superior to ANFIS with particle swarm optimization, ANFIS with GA, and conventional ANFIS for designing the BLM model. Another role of the TBGA is optimizing micro-structure parameters for the backlight module. The results confirm excellent outcome of the TBGA-based ANFIS approach in terms of prediction accuracy, cost reduction, and luminance uniformity. Far more superior results were obtained when compared with those reported in the literature using conventional trial-and-error design methods and even Taguchi-based design methods. Fuzzy model in nature, our approach is applicable generally to industrial product designs and, thus, offers an effective route to solving problems in various industries.
I. INTRODUCTION
Backlight modules (BLMs) are essential components of liquid crystal displays (LCDs). Since liquid crystals do not directly emit light, they must be integrated with a BLM to illuminate the image. Brightness and luminance uniformity (LU) are major determinants of the image quality provided by a BLM. The correlative merits of different backlight configurations have been also explored by researchers. BLMs can be broadly categorized as bottom-lit or edge-lit, depending on the position of the light source relative to the light emitting surface. In a bottom-lit module, the light source is positioned directly under the light emitting surface. A light source near the light emitting surface would produce a non-uniform luminance distribution. In the edge-lit module, the light source is placed on the side of the light guide. The LU in the edge-lit module depends on the dot pattern design. To achieve high brightness, edge-lit modules are used in slim LCDs, and bottom-lit modules are used in large LCDs. However, the major design challenge in recent years has been achieving uniform luminance in large, ultra-thin, LCD displays [1] - [3] .
Hybrid optical films provide uniform luminance by combining brightness-enhancing structures and light-diffusing structures [4] . Although single or multiple brightnessenhancing films can be used to enhance optical efficiency and normal luminance [5] - [7] , they do not improve LU. The BLMs conventionally used in the industry incorporate a planar diffusion film, a hemisphere diffusion film, and a pyramid-type brightness-enhancing film [3] . Diffusion films are fabricated with patterns of micro-structures on their surfaces to provide a uniform distribution of illuminating light over the light-emitting surface and to improve their light scattering properties. Lin et al. [3] showed that a film with a prismatic microstructure film provides a homogeneous luminance distribution. Lin et al. [3] then considered a BLM fitted with a micro-prism diffusion film, a hemisphere diffusion film, and a pyramid-type brightness-enhancing film. Compared to conventional optical films, their micro-prism optical film increased LU and reduced the thickness of the bottom-lit BLM, which is an important consideration since thin LCDs are the prevailing consumer preference.
Optical properties are highly sensitive to micro-structure parameters such as density, distribution pattern, and size. Thus, instead of the conventional trial-and-error design approach, Lin et al. [3] used Taguchi method to optimize micro-structure (micro-prism) parameters. Their performance tests confirmed that a BLM with their proposed micro-prism diffusion film provides superior LU and brightness compared to a conventional BLM with a planar diffusion film. However, their optimization results revealed a micro-prism filling density (FD) of 100 (%), which would substantially increase the time and cost of manufacturing a micro-prism diffusion film. Besides, from the quality control viewpoint of mass production having the high FD, it is difficult to ensure successful production quality of the high micro-prism filling density (100% FD). Furthermore, the results obtained only by the Taguchi method of local optimization are highly dependent on the selected ranges of micro-structure parameters. Thus, if only Taguchi method is used for parameter optimization, a trial-and-error procedure is still needed to find the optimal ranges of micro-structure parameters. For the above reasons, this study developed a systematic method of finding the optical micro-structure parameters that maximize LU, minimize manufacturing cost, and minimize manufacturing time in engineering practice.
Combining data collection, modeling, and optimization approaches [8] , [9] , this study proposes a design approach for optimizing micro-structure parameters for a BLM. The proposed approach combines Taguchi method [10] - [16] , adaptive neuro-fuzzy inference system (ANFIS) [17] - [19] , and genetic algorithm (GA) [20] - [24] . The roles of the Taguchi-based GA (TBGA) [25] , [26] proposed in this study are creating the system model and optimizing the micro-structure parameters. First, the experimental parameters and problems are defined, and Taguchi method is used for experimentation and data gathering to evaluate the performance of the BLM. Next, a system model is created by using ANFIS and TBGA to select appropriate membership functions and to optimize parameters in the premise and consequent parts. Finally, TBGA is used to optimize the micro-structure parameters for a BLM. An example of a micro-structure parameter design for a BLM is then tested and discussed. The study confirm that proposed systematic method indeed obtains superior design parameters and larger cost reductions compared to approaches recently reported in the literature. This paper is organized as follows. Section 2 defines the research issue. Related works are briefly discussed in Section 3. The proposed approaches are introduced in Section 4. Section 5 presents the case study, results, and discussion. Finally, Section 6 concludes the study.
II. PROBLEM DESCRIPTION
This study focused on a bottom-lit BLM. Fig. 1 shows that the BLM incorporates a three-layer optical film and cold-cathode fluorescent lamps enclosed in a reflector frame. The three-layer optical film includes a pyramid-type brightness-enhancing film (BEF), an upper diffusion film with a micro-hemispherical lens array, and a lower diffusion film with micro-prism structures. The micro-prism diffusion film emits light uniformly from the cold-cathode fluorescent lamps and reduces the thickness of the BLM. The upper diffusion film alters the distribution of angular luminance of the BLM. The pyramid-type brightness-enhancing film transmits the large-angle light scattering in a direction normal to the light-emitting surface. The optical performance of a prism-type diffusion film generally depends on four parameters: FD, aspect ratio (AR), apex angle (AA), and placement angle (PA). Fig. 2 schematically illustrates the four design parameters. The S x and S y represent the pitch of the micro-prism structures in the X-and Y-directions, respectively, and the grey rectangular area denotes the unit region used to compute FD. The FD is computed as (L × W )/(S x × S y ) where S x ≥ W , S y ≥ L, and the length of micro-prism L varies according to the specified value of AR (L/W ) and where the width of micro-prism W is set to 50 µm. The FD represents the surface area percentage of the diffusion film and controls the ratio at which light hits VOLUME 3, 2015 the diffusion patterns. The AR is the amount of light diffused in the direction parallel to that of the cold-cathode fluorescent lamp light tubes relative to the amount of light, which is proliferated in the direction orthogonal to the light tubes. The AA determines the direction of the reflected/refracted light. The PA of the diffusion film determines the intensity effect of light scattering.
The optical performances of the two BLMs were assessed under light with high LU. The shaded region A in Fig. 1 shows the average luminance, which was defined as the average of the sum of the luminance of all meshes in region A of Fig. 1 whereas the LU was defined as the ratio of the lowest luminance value to the highest luminance value. Table 1 also shows the critical properties of the components in the BLM. Further details can be found in Lin et al. [3] , in which one author of this study participated as a co-author. The combined effect of the four parameters on the average luminance and LU of the BLMs is then investigated by performing the optimal design procedure.
III. RELATED WORKS
This section briefly describes the methods used in this study, including Taguchi method, ANFIS, and TBGA.
A. TAGUCHI METHOD
Taguchi method is a powerful tool for robust design. Robustparameter design is an engineering method used to optimize process and product parameters that have low sensitivity to variations and to design high-quality products at low development and manufacturing costs. Two major tools used in the Taguchi method are the orthogonal array (OA) and the signal-to-noise ratio (SNR). Many design experiments use OA matrices for selecting the combinations of factor levels used in each experimental run and for analyzing data. An OA is a fractional factorial matrix, which ensures a balanced comparison of levels of any factor or interaction of factors. The matrix is called an OA because all columns can independently assess one another. In communication engineering, SNR is used as a performance indicator. The SNR concept is a useful indicator of the quality and measurement improvements achieved by reducing variability. The SNR converts some replications into a single value, which affects the amount of variation present and the average response. A detailed description of OA and SNR is given in [10] - [16] .
For the smaller-the-better characteristic, assume a set of data y 1 , y 2 , . . . , y n . The natural estimate is S = 1 n n t=1 y 2 t , where S indicates the average squared deviation from the target value. Taguchi recommended multiplying the common logarithm of this SNR by 10, which obtains the SNR in decibels (dB). This logarithm has been applied in communications for many years. For engineering applications, a large SNR (η) is preferable, and the following equation is used for a smaller-the-better characteristic.
Like the smaller-the-better characteristic, the natural estimate of the larger-the-better characteristic is S =
The corresponding SNR is
which is also measured in dB.
The effects of the various factors (variables) can be defined as follows:
where i is the number of experiments, f is the factor name or number, and l is the level number.
B. ADAPTIVE NEURO-FUZZY INFERENCE SYSTEM
This study applied the ANFIS proposed by Jang [17] , and the Sugeno fuzzy model was for systematically creating fuzzy rules from a given set of input-output data. The structure of this ANFIS design includes a five-layer feed-forward neural network. The hybrid learning algorithms integrates least squares and gradient descent algorithm for use in ANFIS training. In the ANFIS training algorithm, each epoch of the hybrid procedure comprises a forward pass and a backward pass. In a forward pass, a training set of inputs is sent to the ANFIS, and neuron outputs are computed on a layer-by-layer basis. The consequent parameters are determined by the least squares algorithm. The ANFIS uses typical membership functions such as triangular, trapezoidal, and Gaussian types. The precondition parameters of the membership function and the consequent parameters are determined by training via the hybrid learning algorithm. However, the challenge is optimizing the membership functions while simultaneously optimizing the premise and consequent parameters [27] . Therefore, an optimization method should be included in ANFIS to select appropriate membership functions and to optimize both the premise and consequent parameters.
C. TAGUCHI-BASED-GENETIC ALGORITHM
The TBGA was proposed by Tsai et al. [25] to solve global optimization problems involving continuous variables. The TBGA integrates a conventional genetic algorithm (CGA) [28] and the Taguchi method. In the TBGA, the Taguchi method is performed between the crossover and mutation of a CGA. Two major tools (SNR and OA) are integrated into the crossovers to enable systematic reasoning and systematic selection of the better genes for accomplishing crossover, which improves the GA. Therefore, TBGA is statistically sound and provides high robustness and quick convergence. The Taguchi method is described in detail in works by Taguchi et al. [14] and Lee [15] . For details regarding TBGA, see Tsai et al. [25] , [26] .
IV. TBGA-BASED ANFIS APPROACH
The proposed approach fuses ANFIS and TBGA to obtain a TBGA-based ANFIS [27] , which is used to find micro-structure parameters for a BLM. Four micro-structure parameters that have a major impact on the BLM are prism AA (deg), the prism FD (%), the prism AR, and the diffusion film PA (deg). Therefore, the input variables for the ANFIS are the micro-structure parameters of FD, AA, AR, and PA, and the output variable is the LU. A representative rule set of n fuzzy if-then rules can be stated as
where R l (l = 1, 2, . . . , n) denotes the l-th implication. The terms A i , B j , C k , and D x (i, j, k, x = 1, 2, 3) are the linguistic terms of the precondition part with membership functions µ Ai (FD), µ Bj (AA), µ Ck (AR), and µ Dx (PA). The f l is the output value. Parameters p l , q l , r l , s l , and t l are the consequent parameters.
The ANFIS output inferred from Eq. (4.1) is
where y denotes the inferred ANFIS output
Let the precondition parameters of µ Ai (FD), µ Bj (AA), µ Ck (AR), and µ Dx (PA) in the premise part be {a Ai , b Ai }, {a Bj , b Bj }, {a Ck , b Ck }, and {a Dx , b Dx }, respectively. For instance, if a Gaussian membership function is selected for the µ Ai (FD), then a Ai and b Ai are the center and the width of the Gaussian membership function, respectively. After the training processes are completed, the values for both precondition and consequent parameters can be obtained by minimizing the criterion of the root mean squared error (RMSE), which is shown below [27] .
where α indicates the number of training data items, R m is the actual LU value, and y m denotes the predicted LU value. Performance criterion J depends on the parame-
where J is a nonlinear function of parameter variables. In this study, the problem is to minimize J . Finally, the TBGA is used to find the optimal parameters of J . The chromosomes for the TBGA are a Ai .4) show that the ANFIS was used to find both precondition and consequent parameters for a BLM. For details regarding ANFIS structures, please refer to Jang [17] . The detailed steps of the TBGA-based ANFIS are the same as those given in the [27] , and are shown below.
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Detailed Steps: TBGA-based ANFIS
Step 1: Define input parameters and outputs. 3) and find the better chromosome.
Step 9: Based on the results of Step 8, obtain the better chromosome.
Step 10: Repeat Steps 6-9 until the expected number meets M × p c .
Step 11: Obtain the population based on Taguchi method.
Step 12: Use mutation rate p m to perform a mutation operation.
Step 13: Obtain the offspring population.
Step 14: Sort the fitness values in increasing order among the offspring and parent populations.
Step 15: Select the better M chromosomes as the parents for the next generation.
Step 16: If the stopping criterion has been met, go to Step 17. Otherwise, repeat Steps 3-16.
Step 17: Evaluate the RMSE criteria, and check whether the stopping condition has been met. If so, go to Step 18. Otherwise, give other membership function types, and repeat Steps 2-17.
Step 18: Show the optimal chromosome and its fitness value.
V. PRACTICAL EXAMPLE AND IMPLEMENTATION
The practical application of the method was demonstrated in the engineering design problem of optimizing microstructure parameters for a bottom-lit BLM. First, Taguchi method was used to perform experiments and to accumulate data indicating the quality of the BLM.
The optical performance of a prism-type diffusion film is governed by four design parameters: AA, FD, AR, and PA. Table 2 shows how each parameter is separated into three levels to reflect the non-linear effect. The three levels of prism FD are 100%, 80%, and 60%, and those of prism AA are 100, 90, and 80. The three levels of the prism AR are 3:1, 5:1, and 10:1, and those of diffusion film PA are 0, 10, and 20. Instead of 81 experiments, only 27 experiments are required by OA L 27 (3 13 ). Table 3 shows the experimental results for the four process parameters (FD, AA, AR, and PA) and one experimental output (LU), which were used to model the backlight system. Table 4 shows the test data set used to validate the BLM obtained by the ANFIS. The BLM model was then established by using the ANFIS with TBGA to select the appropriate membership functions and to optimize both premise and consequent parameters by minimizing the performance criterion of RMSE. Fig. 3 shows the four inputs and one output (LU) used for TBGA training in the ANFIS architecture. Fig. 4 shows Gaussian membership functions obtained by TBGA and ANFIS for FD, AA, AR, and diffusion film PA. Table 5 shows the average and standard deviation (SD) of RMSE for different membership functions in ANFIS using TBGA in 20 independent runs for building the BLM model. The t-test for RMSE on the training data set suggests that the results are statistically significant (p < 0.000001) in Gaussian type vs. trapezoidal type, and (p = 0.000001) in Gaussian type vs. triangular type. The t-test for RMSE on the test data set suggests that the results are statistically significant (p < 0.000001) in Gaussian type vs. trapezoidal type, and (p < 0.000001) in Gaussian type vs. triangular type. The tests mean that there is a significant difference between Gaussian type and the other two types. The comparisons demonstrate that the Gaussian membership function used in the ANFIS with TBGA to establish the BLM model significantly outperforms the triangular and trapezoidal membership functions in terms of training and test errors. Though, in Table 5 , only few decimal points differ, this differences result as having great significance in selecting membership function for the BLM model. Table 6 shows Comparison results in terms of average and standard deviation in 20 independent runs by ANFIS with TBGA, ANFIS with PSO, ANFIS with GA, and conventional ANFIS methods by using the Gaussian membership function and the training data set. The t-test for RMSE on the training data set suggests that the results are statistically significant (p < 0.000001) in ANFIS with TBGA vs. ANFIS with PSO, (p < 0.000001) in ANFIS with TBGA vs. ANFIS with GA, and (p < 0.000001) in ANFIS with TBGA vs. conventional ANFIS. The tests mean that there is a significant difference between ANFIS with TBGA and the other three methods. The comparisons demonstrate that the proposed ANFIS with TBGA is significantly superior to ANFIS with PSO, ANFIS with GA, and conventional ANFIS. Though, in Table 6 , only few decimal points differ, this differences result as having great significance in selecting evolutionary method for the BLM model. The experiments demonstrated that the proposed ANFIS with TBGA is an effective tool for designing the BLM model. Finally, the TBGA was used to optimize the micro-structure parameters, based on the accurate BLM model established by the ANFIS with TBGA. In engineering applications, a high LU is desirable because it improves performance, and a low prism FD is desirable because it reduces manufacturing time and cost. Besides, from the quality control viewpoint of mass production having the high FD, it is difficult to ensure successful production quality of the high micro-prism filling density. In the novel application of fuzzy models proposed in this study, the FD can be set to any reasonable value. However, in both the Taguchi method [3] and in the conventional trial-and-error method [3] typically used in the industry, changing FD values requires further experiments, which increases research-and-development costs and time. Therefore, in comparison with the Taguchi method and with the conventional trial-and-error method, an important advantage of the fuzzy-set-based model approach is reduced research-and-development costs and time. In the process parameter optimization experiments in this study, the FD values were set from 60% to 100% of the FD values applied by Lin et al. [3] , and confidence measurements of the TBGA-based ANFIS were performed in independent runs. Applying the accurate BLM model established by the TBGA-based ANFIS, Table 7 shows the ten best process parameter sets and experimental results obtained by using TBGA to maximize LU. The FD values ranged from 66.582% to 99.325% while the LU values ranged from 96.71% to 98.25%. Note that, from the customer perspective, the principal design goal is a high LU. However, according to the practical experience of manufacturing experts from the Metal Industries Research and Development Centre (http://www.mirdc.org.tw), an FD value higher than 95% exponentially increases manufacturing time and cost. Besides, from the quality control viewpoint of mass production having the high FD, it is difficult to ensure successful production quality of the high micro-prism filling density.
Therefore, the first and third sets of process parameters were selected for further experiments in this study. The first set of process parameters (i.e., A = 91.868, B = 99.312, C = 8.825, and D = 8.079) was chosen because it obtained the highest LU (98.25%). The third set of process parameters (i.e., A = 78.417, B = 94.471, C = 9.316, and D = 18.115) was chosen because its FD was much smaller than that of the first set, even though its LU (98.21%) was not the highest and was actually slightly lower than that of the first set. Given the practical manufacturing considerations, the first set of process parameters was revised as A = 92, B = 99, C = 9, and D = 8, and the third set of process parameters was revised as A = 79, B = 95, C = 9, and D = 19. Table 8 shows that, in the practical experiments, the first set of process parameters obtained a 97.89% LU, and the third set of process parameters obtained a 97.53% LU. Table 8 shows that the 97.89% LU obtained by the TBGA-based ANFIS exceeds the 97.8% LU reported in Lin et al. [3] , and the 92% prism FD obtained by the TBGAbased ANFIS is lower than the 100% prism FD reported in Lin et al. [3] . The table also shows that the 97.53% LU obtained by the TBGA-based ANFIS approximates the 97.8% LU reported in Lin et al. [3] whereas the 79% prism FD obtained by the TBGA-based ANFIS is far lower than the 100% prism FD reported in Lin et al. [3] . Other sets of process parameters in Table 7 were also used and revised for further experiments. The mean percentage errors in LU values obtained by practical experiments differed by 0.65% from the mean percentage errors in LU values obtained by the TBGA-based ANFIS. In Fig. 5 , the comparison of luminance distributions along the X-axis direction of four different BLMs shows that, when the optical film assembly is placed at a distance of 21 mm from the light source, the conventional BLM has an average luminance of 10127 cd/m 2 and an LU of 97% [3] . Given the strong consumer preference for thin displays, VOLUME 3, 2015 FIGURE 5. Luminance distribution profiles for different optical film configurations. The conventional backlight module (BLM) incorporates a planar diffusion film, a hemisphere diffusion film and a pyramid-type brightness-enhancing film whereas the Taguchi-based BLM and the proposed BLM are fitted with a micro-prism diffusion film, a hemisphere diffusion film, and a pyramid-type brightness-enhancing film.
another important concern is BLM thickness, which in this case is reduced from 21 mm to 10.5 mm [3] . If the distance between the optical film assembly and the cold-cathode fluorescent lamp in the conventional BLM is reduced to 10.5 mm, the average luminance increases to 11119 cd/m 2 , but the LU decreases to 87% [3] . Fig. 5 further shows that, after optimization by the TBGA-based ANFIS approach, both luminance distribution and LU approximate the values obtained only by the Taguchi method [3] . Notably, as shown in Table 8 , the TBGA-based ANFIS method obtains prism FDs of 92 (%) and 79 (%) whereas Lin et al. reported a prism FD of 100 (%) [3] . However, a 100 (%) micro-prism FD increases the time and cost of manufacturing a micro-prism diffusion film. Besides, from the quality control viewpoint of mass production having the high FD, it is difficult to ensure successful production quality of the high micro-prism filling density (100% FD). Thus, the TBGA-based ANFIS approach is quite promising in terms of reducing both the time and cost of manufacturing prism-type diffusion films. Besides, the low FD facilitates the successful production quality. Fig. 6 shows the ray-racing results for the luminance distribution obtained by the proposed TBGA-based ANFIS approach, which confirms that optimization of the micro-prism diffusion film provides a far higher luminance (12657 cd/m 2 ) and a better LU (97.89%) when the distance between the optical film assembly and the cold-cathode fluorescent lamp is 10.5 mm. Thus, the optimal design of the diffusion film is validated. The results confirm that, in comparison with the Taguchi method introduced in [3] , the proposed TBGA-based ANFIS approach for optimizing the design of a micro-prism diffusion film for a BLM obtains better results in terms of optical performance, device thickness, manufacturing time, manufacturing cost, and high production quality of FD. That is, the proposed systematic approach is an effective tool for optimizing micro-structure design parameters as well as for reducing the time and cost of manufacturing BLMs and facilitating the successful production quality of FD.
In conclusion, a current search of the existing literature [3] and industry-related publications (http://www.mirdc.org.tw) reveals only two approaches to optimizing micro-structure parameters for a BLM: the conventional trial-and-error approach and the Taguchi-based approach. This study provides an effective method of optimizing BLM designs. To our best knowledge, this study is the first to apply a fuzzy-set-based approach to this problem. By applying fuzzy-set-based principles, the TBGA-based ANFIS reduces manufacturing time and cost as well as facilitates the successful production quality of FD, and reduces the required number of experiments by applying Taguchi method. For optimizing the design parameters of a BLM, the TBGA-based ANFIS is indeed a more effective alternative compared to the conventional trial-and-error design method and the Taguchi design method. Although, from the theoretical perspective, the proposed approach appears to be a relatively minor innovation of ANFIS, the study confirmed that the proposed TBGA-based ANFIS approach substantially reduces manufacturing time and cost by improving process parameters as well as facilitates the successful production quality of FD. Therefore, the proposed method can promote the further transfer of fuzzyset-based technology from academia to the optoelectronic industry. The proposed design method also meets the two standard criteria applied by IEEE Society technical journals to define an innovative engineering application. First, the proposed method is a soft-computing-based approach to solving the design parameter optimization problem in BLMs. The results discussed above indicate that the proposed ANFIS with TBGA is significantly superior to ANFIS with PSO, ANFIS with GA, and conventional ANFIS for designing the BLM model. Second, the proposed TBGA-based ANFIS outperforms techniques currently used, which are not softcomputing-based (e.g., Taguchi method and the conventional trial-and-error method).
VI. CONCLUSIONS
The major contribution of this study is a systematic design procedure for optimizing the micro-structure parameters of a BLM by integrating Taguchi method, ANFIS, and TBGA. The proposed procedure reduces the manufacturing time and cost of designing micro-structure parameters for a BLM with no loss of effectiveness as well as facilitates the successful production quality of FD. An OA L 27 (3 13 ) is used to collect experimental data representing the bottom-lit BLM. The TBGA then trains the four-input, one-output ANFIS architecture to represent a BLM model and explores the better design parameters. The study confirmed that the microstructure parameters are effective for a BLM. The 92% FD obtained by the TBGA-based ANFIS is lower than the 100% FD reported in Lin et al. [3] . The 97.89% LU obtained by the TBGA-based ANFIS is comparable to the 97.8% LU obtained by Lin et al. [3] given the same condition of a thickness reduction from 21 mm to 10.5 mm. Additionally, the 79% FD obtained by the TBGA-based ANFIS is far lower than the 100% FD reported in Lin et al. [3] . The 97.53% LU obtained by the TBGA-based ANFIS approximates the 97.8% LU reported in Lin et al. [3] . Finally, the TBGA-based ANFIS substantially reduces the time and cost of manufacturing a prism FD compared to the method used in Lin et al. [3] . Besides, it is easy to ensure successful production quality of the low micro-prism FD. The overall comparison results show that, compared to conventional parameter optimization methods, the proposed TBGA-based ANFIS method has superior parameter optimization performance and obtains superior bottom-lit BLM designs in terms of optical performance, BLM thickness, the time and cost of manufacturing a prism-type diffusion film, as well as the production quality of FD. Though this paper focuses the BLM incorporating cold-cathode fluorescent lamps enclosed in a reflector frame, the proposed systematic design procedure can also be applied for optimizing the micro-structure parameters of a BLM having the light-emitting diode light sources. 
